We present a survey design that generalizes static conjoint experiments to elicit inter-temporal adoption decisions for durable goods. We show that consumers' utility and discount functions in a dynamic discrete choice model are jointly identified using data generated by this specific design. In contrast, based on revealed preference data, the utility and discount functions are generally not jointly identified even if consumers' expectations are known. The separation of current-period preferences from discounting is necessary to forecast the diffusion of a durable good under alternative marketing strategies. We illustrate the approach using two surveys eliciting Blu-ray player adoption decisions. Both model-free evidence and the estimates based on a dynamic discrete choice model indicate that consumers make forward-looking adoption decisions. In both surveys the average discount rate is 43 percent, corresponding to a substantially higher degree of impatience than the rate implied by aggregate asset returns. The estimates also reveal a large degree of heterogeneity in the discount rates across consumers, but only little evidence for hyperbolic discounting.
Introduction
Predicting the adoption of a durable good is one of the most important tasks of marketing research. Modeling such adoption decisions is difficult because of the inherent inter-temporal tradeoff between buying now or buying at some future date. This tradeoff arises, for example, because durable goods often become cheaper over time or because the availability of complementary goods increases. Because of this inter-temporal tradeoff, consumers' adoption decisions depend not only on their static preferences among alternative products, but also on the extent to which they discount future utility flows and on their subjective expectations about future market conditions. In this sense, adopting a durable good is a dynamic decision problem.
The new product diffusion literature, a key contribution to marketing that originated with the seminal work of Bass (1969) , directly addresses the question of when consumers will adopt a new product and attempts to predict the dynamic adoption path. New product diffusion models typically fit the historical sales evolution of a new product well. Diffusion models have also been successfully applied to help a firm predict new product sales over time (Bass, Gordon, Ferguson, and Githens 2001) . However, traditional diffusion models are not based on a model of consumer choice that allows for the inherent tradeoff between buying now or in future that we described before. Hence, an analysis of how individual preferences, discount factors, and expectations affect the adoption of a new product is not directly possible. This is not only a conceptual limitation, but more importantly it also limits the applicability of diffusion models to some important marketing tasks. For example, firms need to decide on the initial price level when a product is launched and the subsequent schedule of price changes over time. Without a model that captures both consumers' product preferences and the degree to which they are willing to trade off buying today for buying tomorrow, an evaluation of how different pricing strategies affect the adoption path is generally not possible.
In contrast, a more recent diffusion literature, beginning with the work of Horsky (1990) , has recognized the necessity of predicting the aggregate sales evolution from individual consumer decisions. During the last decade, this literature has adopted the dynamic discrete choice approach of Miller (1984) , Pakes (1986) , and particularly Rust (1987) to model and estimate durable goods demand (e.g. Melnikov 2001 , Song and Chintagunta 2003 , Nair 2007 . Dynamic discrete choice models allow for inter-temporal tradeoffs, and clearly lay out how discounting and expectations affect consumers' decision making. Hence, these models are conceptually attractive and are now widely used in marketing and economics (see the discussions in Bronnenberg, Dubé, Mela, Albuquerque, Erdem, Gordon, Hanssens, Hitsch, Hong, and Sun 2008 and Arcidiacono and Ellickson 2011) .
A weakness of dynamic discrete choice models is that they suffer from a fundamental identification problem if estimated from revealed preference data. Using data on discrete choices only, consumers' utility functions, discount factors, and subjective beliefs about future market 1 conditions are not jointly identified (Magnac and Thesmar 2002) . Hence, with few exceptions, researchers using field data on consumer choices assume a value for the discount factor, typically to reflect some aggregate asset return, and assume that consumers have rational (self-fulfilling) expectations 1 . We consider this approach unsatisfactory and expect that these assumptions are likely to be wrong in many empirical contexts. Numerous studies in psychology and behavioral economics have shown that the rate at which consumers discount the future can vary tremendously across individuals and can differ substantially from the economy-wide asset returns (Frederick, Loewenstein, and O'Donoghue 2002) . Also, to our knowledge it is unknown if consumers are able to form mutually-consistent, self-fulfilling beliefs about future market outcomes such as prices in new durable goods markets.
In this paper we propose a new approach that retains the attractive structure of dynamic discrete choice models but allows us to infer consumers' discount functions and utility functions jointly. Our approach is based on stated choice data and, thus, is similar to conjoint analysis.
Conjoint analysis, originating with Green and Rao (1971) , is another key contribution to marketing and has often been applied to durable goods purchases (see Green and Srinivasan 1990 , Green, Krieger, and Wind 2001 , and Huber 1997 for recent surveys). However, even though the inter-temporal aspect of durable goods adoption decisions is well-understood in marketing, it has largely been ignored in the conjoint literature. Implicitly, the past conjoint literature has assumed that consumers are myopic. This assumption, if wrong, can lead to severe bias in the preference estimates since non-purchase is entirely ascribed to preferences rather than to beliefs about more favorable future market conditions. Our approach extends the conjoint literature to account for inter-temporal decision making by forward-looking consumers. Our proposed experimental design elicits product adoption choices conditional on a prediction of future market conditions (states) that are relevant for the consumer's decision. We prove that data sampled from this design non-parametrically identify consumers' discount factors and, more generally, discount functions. Intuitively, we can observe how changes in the market conditions, such as a price cut, impact consumer choices at different points in time. The difference in the reaction to such changes at different dates identifies how future utilities are discounted. By providing the subjects with a forecast of future market conditions we implicitly control for their subjective expectations when estimating preferences and discount functions. However, we do not attempt to estimate how the subjects form expectations about the future, which is a topic beyond the scope of this paper. A similar survey-based approach to estimating discount factors has recently been proposed in Viscusi, Huber, and Bell (2008) to estimate the subjects' time preferences for environmental quality.
Our papers differ both in the substantive application and in many details of the survey design.
In particular, two key contributions of this paper over Viscusi, Huber, and Bell (2008) are the formal discussion of the fundamental identification problem in dynamic discrete choice models and the proof of non-parametric identification of discount factors (discount functions) from stated choice data obtained from a specific survey design.
The ability to identify discount factors is a key conceptual advantage over traditional approaches to estimating dynamic discrete choice models using revealed preference data. But our approach also has an important practical advantage for the purpose of forecasting the diffusion of a new product.Similar to conjoint analysis, the approach can be implemented before sales data from a new product are available.
To illustrate the applicability of our survey design we conduct two studies using subjects from a panel maintained by a large U.S. marketing research company. The survey elicits dynamic adoption choices of Blu-ray players under different predictions of future product prices and availability of Blu-ray movies.
A model-free analysis of the raw data provides direct evidence that the subjects systematically change their adoption timing in response to price changes across choice tasks. These changes occur in a manner that is largely consistent with forward-looking behavior. In particular, the subjects tend to delay the adoption of a Blu-ray player if prices decrease in the more distant future, and accelerate the adoption if prices decrease closer to the present period.
However, some of the stated choices cannot be easily rationalized, possibly reflecting mistakes made by the survey respondents.
We then separately estimate discount factors and utility functions based on a dynamic discrete choice product adoption model. We obtain three key results. First, the data provide strong evidence for forward-looking behavior. The general dynamic adoption model fits the data better than two alternative models where the subjects are either myopic or do not perceive a trade-off between current and future adoption choices. Second, the population average of the discount factor is 0.7, corresponding to an annual interest rate of 43 percent. In contrast, researchers estimating adoption decisions from field data typically assume much larger discount factors corresponding to aggregate interest rates. Third, we detect substantial heterogeneity in discounting across subjects, in contrast to the standard assumption of homogenous discount factors in the empirical dynamic discrete choice literature.
We also fail to detect strong support for hyperbolic discounting. This finding is consistent with Chevalier and Goolsbee (2005) who also estimate discount factors for a durable good (textbooks). Hence, to the best of our knowledge, empirical evidence for hyperbolic discounting has not been documented for durable goods adoption decisions.
The remainder of the document is organized as follows. In Section 2, we discuss the identification problems inherent to the estimation of dynamic discrete choice models using field data.
In Section 3 we propose a survey-based sampling mechanism that allows us to jointly identify discount functions and utilities. Section 4 describes the two conjoint surveys. In Section 5, we provide model-free evidence for forward-looking behavior in the stated choice data. In Section 3 6 we discuss our estimation approach and the key results on discounting.
2 Dynamic discrete choice adoption models Dynamic discrete choice model (e.g. Rust 1987 ) have been widely employed in the recent literature on durable goods demand estimation to predict adoption decisions. We first give a general overview of dynamic discrete choice models and then discuss the topic of identification of the model primitives from field data. We highlight some key identification challenges that have been previously recognized in the econometrics literature (e.g. Rust 1994 , Bajari, Chernozhukov, Hong, and Nekipelov 2009 and Abbring 2010 . These challenges are less well known in the applied empirical literature and amongst practitioners. For this reason, we provide a formal discussion of the model and its identification below. In Section 3 we propose a practical solution to some of the identification problems.
General structure of dynamic discrete choice models
Below, we present dynamic discrete choice in a very general form as in Rust (1987) . But we interpret many model elements in the context of durable goods adoption decisions. The model predicts the decisions of a consumer who decides to adopt one of J products in each period t = 0, 1, . . . The consumer's choice in period t is denoted by j ∈ A = {0, . . . , J}, where j = 0 (the reference alternative) is the decision to postpone adoption until some future period. In each period, the consumer observes a state vector, x t ∈ X, which may include the prices of all products, the availability of complementary goods, or whether a consumer has already made an adoption decision in the past. The consumer also observes a latent utility component, jt , for each possible choice. The flow utility from choice j in period t is given by u j (x t ) + jt .
The latent utility components, jt , are i.i.d. with pdf p( ), where = ( 0 , . . . , J ). Following the convention in the literature, we normalize the utility from the reference alternative, j = 0, such that u 0 (x t ) ≡ 0. The consumer believes that the state x t evolves according to a Markov process with transition density p(x t+1 |x t , j).
The consumer's objective is to make adoption decisions over time (j(0), j(1), . . . ) to maximize the expected present value of her utility E ∞ t=0 δ t (u j(t) (x t ) + j(t) ) . δ ∈ [0, 1) is the consumer's discount factor. The adoption decisions, j(t), are functions of the current state and the latent utility components. Under optimal behavior, the value of choosing action j, net of the random utility component, jt , is given by the choice-specific value function of j,
For example, if j = 0 this equation states that the value of delaying adoption is given by the current flow utility, u 0 (x t ) = 0, and the expected present value of making an optimal adoption 4 choice tomorrow given knowledge of the realizations of x t+1 and t+1 . To solve the model we define the expected value function:
v(x t ) is the value that the consumer expects conditional on the state x t but before observing t . Using the definition of the expected value function, the choice-specific value functions can be written in simpler form as
Furthermore, the expected value function satisfies the recursive relationship
Under mild regularity conditions the right-hand side of the Bellman equation (4) defines a contraction mapping. Thus, there exists a unique value function satisfying equation (4) and correspondingly unique choice-specific value functions satisfying (3).
In summary, the primitives of the dynamic discrete choice model are the utility functions, u j (x t ), the distribution of latent utility components, p( ), the consumer's belief about the evolution of the state vector, p(x t+1 |x t , j), and the consumer's discount factor, δ. Given these primitives, the expected value function is uniquely defined by equation (4) and the choicespecific value functions are uniquely defined by equation (3). The model predicts that, under dynamically optimal behavior, the consumer chooses action j, given x t and t , if and only if
In the econometric analysis of dynamic discrete choice models we assume that the researcher observes some or all components of the state vector x t . However, the latent utility components jt are not observed to the researcher and serve as the econometric error term to reconcile the model predictions with the data. Hence, the model can only predict the probability but not the exact identity of a choice. We define the probability of decision j, given the state x t , as
is called the conditional choice probability (CCP) of j. If jt has the Type I Extreme Value distribution, the conditional choice probabilities are given by the multinomial logit formula
.
We see that the predictions of dynamic discrete choice models are similar to static discrete choice 5 models, with the choice-specific value functions taking the place of the utility functions in a static choice model. However, static and dynamic discrete choice models differ fundamentally in the extent to which the model primitives are identified.
Structural and reduced form of the dynamic discrete choice model
To discuss identification we assume that we can observe the CCPs σ(x) = (σ 0 (x), . . . , σ J (x)) without error for all states x ∈ X. This assumption embodies an idealized situation where we have access to an arbitrarily large data set that was generated by the dynamic discrete choice model. We do not attempt to infer the distribution of the latent utility terms, p ( ) , from the data, but assume that this distribution is known. Our focus is on identification of all other model primitives, including the utility functions for each choice, the discount factor, and the state transition densities. These primitives constitute the structural form of the model,
We also make the following assumption, which is satisfied by all commonly employed distributions in empirical work, including the Type I Extreme Value and multivariate normal distributions.
Assumption. The distribution of has a density p( ) with respect to the Lebesgue measure on R J+1 and is everywhere strictly positive.
We first present an important auxiliary result. Define
is the difference between the choice-specific values for choice j and the reference alternative
only. Now hold the state x fixed and define the function φ(d) with components j ∈ A :
φ : R J → ∆ J maps choice-specific value function differences into choice probabilities in the
J j=0 ξ j = 1 and ξ j ≥ 0 for all j}. Indeed, if p( ) is positive then all choice probabilities are positive and φ(d) will be in the interior of ∆ J , denoted by int(∆ J ). The following proposition summarizes results by Hotz and Miller (1993) and Norets and Takahashi (2012): Proposition. Under the assumptions on the distribution of stated above, φ has an inverse
A key implication of this proposition is that we can directly infer the choice-specific value functions differences if we observe the CCPs for all x ∈ X:
) the reduced form of the model. If the CCPs are observed without error, as we assume for the discussion of identification, and if the distribution of the latent utility 2 The notation uj(x) refers to the function u : A × R → R, and similarly for p(x |x, j).
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terms is known, then the reduced form of the model R is non-parametrically identified. In a static discrete choice model, knowledge of R allows a firm to predict the effect of a marketing action, such as a price change, on consumer demand. In contrast, in a dynamic discrete choice model, most marketing actions of interest cannot be evaluated based only on knowledge of the reduced form R . For example, a firm may systematically change the dynamic pricing policy for a durable good. If consumers anticipate this shift in the pricing strategy their beliefs about future prices, captured by the transition density p(x |x, j), will change. Since the choice-specific value functions depend on the transition density, the new pricing strategy will also change the reduced form of the model. Thus, demand predictions based on past data will not correctly reflect the change in consumer demand caused by the change in the pricing policy. Instead, the firm needs to know the structural form of the model, S, to predict accurately the effect of the new pricing policy on demand.
Identification of dynamic discrete choice models
The following proposition contains the key identification result. Proposition 1. Let the distribution of the random utility components, p( ), the discount factor, δ, and the consumer's beliefs about the evolution of the state vector, p(x |x, j), be given. Suppose we observe the CCPs, σ j (x), for all states x ∈ X and all choices j ∈ A. Then: (i) We can infer the unique choice-specific value functions, v j (x), consistent with the dynamic discrete choice model.
(ii) The utilities, u j (x), are identified for all states x ∈ X and all choices j ∈ A.
Proof. The proof follows Bajari, Chernozhukov, Hong, and Nekipelov (2009) . As discussed above, we can infer the choice-specific value function differences directly from the CCPs:
To see why the proposition holds, first re-write the expected value function:
Using equation (7) and the inversion (6), we can express v 0 (x) in the following form (remember that u 0 (x) ≡ 0):
Note that the first term on the right-hand side of the equation above is known given p( ), p(x |x, j), and the CCPs. It is straightforward to show that (8) satisfies Blackwell's conditions and thus defines a contraction mapping with a unique solution v 0 (x). Hence, we can infer v 0 (x) along with all the other choice-specific value functions:
Given the choice-specific value functions, we can calculate the expected value function (2) and then infer the utility functions from the equation defining the choice-specific value functions:
The proposition says that if we are willing to treat p( ), δ, and p(x |x, j) as known, the consumer's utility function is non-parametrically identified. However, the solution to the contraction mapping (8) depends on δ and p(x |x, j). If we assume a different discount factor,δ, or a different transition density,p(x |x, j), we will infer a different set of choice-specific value functions,ṽ j (x), and utilities,ũ j (x). The choice-specific value functionsṽ j (x) also entirely rationalize the observed CCPs. We conclude that without further assumptions, the structural form of the dynamic discrete choice model, S = (u j (x), δ, p(x |x, j)), is not non-parametrically identified.
Assumptions to achieve identification
To overcome the identification problem the dynamic discrete choice literature has typically made two assumptions. The first assumption is rational expectations. Under rational expectations, the consumer's subjective beliefs, p(x |x, j), coincide with the actual evolution of the state vector. Thus, if x is observed, p(x |x, j) can be inferred directly from the data. However, as we showed above, even if p(x |x, j) is known, the utility functions and the discount factor are not jointly identified. The extant literature typically also assumes that the discount factor is known, or rather that it can be calibrated to reflect some economy-wide interest rate or asset return, r. For example, based on the consumption CAPM (see for instance the discussion in Cochrane 2001), the risk-free rate r satisfies the following relationship:
Here, u (c) is the marginal utility of consumption. For example, at the time of writing, the yield on 3-month U.S. Treasury bills, an essentially risk-free security, is 0.08 percent at an annualized rate. Correspondingly, if consumers expect no change in consumption over the next three months such that u (c t ) = E t [u (c t+1 )], the corresponding annual discount factor would be δ = 1 1+0.0008 = 0.9992. In practice, the identification problem is sufficiently severe that researchers are typically unable to estimate δ even if a specific parametric form for u j (x) is assumed.
Both assumptions, for the discount factor and for beliefs, are highly problematic. First, countless studies in psychology and behavioral economics cast doubt on the assumption of a uniform discount factor that corresponds to some economy-wide asset return (Frederick, Loewenstein, and O'Donoghue 2002) . Second, there is no solid body of empirical research that justifies the rational expectations assumption. A priori, particularly in the case of a new product adoption where consumers have little or no prior experience with the category and little or no access to past data, it is doubtful that consumers would know the exact process by which prices and other components of the state variable x t evolve.
The problem is particularly severe if the main purpose of the empirical analysis is to make predictions about future product adoptions. Incorrect assumptions about the discount factor and/or beliefs will generate incorrect inferences about the structural form of the model. However, as we highlighted above, an accurate prediction of future demand requires knowledge of the true structural form. In the next section we will present an approach based on stated choice data that allows us to identify jointly the consumer's utility functions and the discount factor.
Our approach skirts the problem of belief estimation, which we leave for future research.
As a final comment, the assumption that p( ) is known is standard in the applied discrete choice literature and, in our view, substantially less severe than the assumptions on the discount factor and beliefs. The inversion theorem above shows that, even for static discrete choice models (δ = 0), the utility functions and the latent utility term distribution are not jointly identified without additional restrictions on either u j (x) or p( ).
3 Identification of discount functions using stated choice data As discussed in the preceding section, discount factors are generally not identified from revealed choice data. We now introduce an approach based on stated choice data that overcomes this identification problem. The approach allows us to identify discount factors non-parametrically and, more generally, discount functions ρ(t) that allow future utilities to be discounted at some arbitrary rate ρ(t) ∈ [0, 1]. The approach is based on a sampling mechanism that can be implemented using a survey design that is similar, although slightly more involved, than a typical conjoint design. We first describe this sampling mechanism and then show that discount functions and utilities are identified from the resulting choice data.
Sampling mechanism
We present each subject with a sequence of choice tasks. In each choice task we provide the subject with information about the current and future states over the time horizon t = 0, 1, . . . , T, where t = 0 is the present period. We instruct the subjects to take the values of x t ∈ X as given such that they do not face uncertainty over the future states up to and including period T. The subjects state that they will either adopt one of the J products in some period t ≤ T, or that they will not adopt a product before period T +1. Delaying the adoption decision until period T +1 or beyond includes the possibility of adopting at time t > T or never adopting at all. We label the decision not to adopt before period T + 1 as 0, and the decision to adopt product j in period t as (j, t). Hence, the choice set is
and includes J · (T + 1) + 1 options.
We allow for a general discount function ρ(t), where ρ(0) = 1 and 0 ≤ ρ(t) ≤ 1 for all t. The case of geometric discounting that we used before is a special case with ρ(t) = δ t . Hyperbolic discounting with (β, δ)-preferences (e.g. Phelps and Pollak 1968) is another special case, where ρ(0) = 1 and ρ(t) = βδ t for all t ≥ 1.
The choice-specific value in period 0 from adopting product j in period t is
and the value from choosing the reference alternative 0 is ω 0 (x T ). Here we implicitly assume that the subjects believe that x t follows a Markov process. Hence, x T contains all the information to predict the value of delaying the product adoption until some period t > T . A key assumption is that u j (x) is stationary in the sense that the utility from choosing alternative j depends only on the state, but not generally on the period in which the adoption decision is made. Indeed, if the utility function changed over time we would not be able to distinguish discounting from changes in product preferences.
We assume that the stated choice maximizes the subject's utility. The utility from the choice (j, t) is given by ω jt (x t ) + jt , where jt is a latent utility component. 0 denotes the latent utility component from the reference alternative. Define X = × T t=0 X. Then for x ∈ X the conditional choice probability for choice (j, t) ∈ A is
The CCP of choosing 0 is defined analogously. The latent utility terms, = ( 10 , . . . , JT , 0 ), have a distribution with a density p( ) that is measurable with respect to the Lebesgue measure and everywhere positive. As in the previous section, we assume that this distribution is known.
Because the future states up to period T are given to the subjects in our survey design, and because we assume that consumers observe the latent utility terms, we have a model of choice under perfect foresight. This model can be analyzed as a multinomial discrete choice model, and no dynamic programming techniques are needed. We next show that the discount function and the utilities are identified if our survey allows for sufficient variation in the states presented to the subjects.
Identification of the discount function ρ(t)
Proposition 2. Suppose that we observe the CCPs σ(x) = (σ 10 (x), . . . , σ JT (x), σ 0 (x)) without error for x ∈ B ⊆ X (B is a subset of all possible sequences of current and future states that can be presented to the subjects). Assume that p( ) is known. Assume that for period t, 1 ≤ t ≤ T, there are two states,x andx , such that u j (x) = u j (x ) for some j ∈ {1, . . . , J}.
Furthermore, assume that B contains four elements
Proof. We can invert the conditional choice probabilities σ(
The intuition for why the discount function can be identified is as follows. Our sampling design presents a subject with a choice of product j at two different statesx andx , either now or in some future period t > 0. Holding the value from delaying adoption beyond period T constant, we can infer how the value of adoption differs across the two statesx andx . The extent to which the difference in the value of adoption at time t > 0 is different (typically smaller) than the difference in the value of adoption in the present period identifies the discount factor ρ(t).
If we are willing to impose linearity on one component of the utility function the conditions for identification can be weakened further. Suppose x = (ξ, z) where z ∈ R J , and that the utility function has the form u j (ξ, z) = µ j (ξ) + αz j , α = 0.
Proposition 3. Suppose that we observe the CCPs σ(x) = (σ 10 (x), . . . , σ JT (x), σ 0 (x)) without error for x ∈ B ⊆ X , and that p( ) is known. Assume that B contains four elements x (l) , l = 1, . . . , 4, such that for some j ∈ {1, . . . , J}: (i) x
(1)
T and x
and z
0 and ξ
t . Then ρ(t) is identified.
Proof. As before invert the conditional choice probabilities σ(
For example, the empirical literature often assumes that utility is linear in price. Proposition 3 states that ρ(t) is identified as long as we have some price variation in the present period and in period t > 0, holding constant both ξ within each period and the value from delaying adoption beyond period T. However, unlike in Proposition 2, the within-period variation in prices need not be the same across periods (Proposition 2 assumes that subjects are presented with a choice at the same statesx andx both in the present period and at t > 0).
Identification of the utility functions u j (x)
Proposition 4. Suppose that we observe the CCPs σ(x) = (σ 10 (x), . . . , σ JT (x), σ 0 (x)) without error for x ∈ B ⊆ X , and assume that p( ) is known. Furthermore, suppose that there are two periods t, t ≤ T such that ρ(t) = ρ(t ), and that the conditions in Proposition 2 (or Proposition 3) are met such that ρ(t) and ρ(t ) are identified. Assume that B contains two elements, x (1) and x (2) , such that (i) x
t (the same state x is presented to the subjects in two different time periods). Then u j (x) is identified for all j = 1, . . . , J.
Because ρ(t) − ρ(t ) = 0 we have
This proposition shows that the utility functions are always identified unless the discount function ρ(t) never varies for t ≤ T, which is equivalent to the extreme situation of no discounting, i.e. ρ(t) ≡ 1 for all t ≤ T.
Generalization
Consider the following generalization of the choice-specific value from adopting product j in period t:
To motivate this formulation, consider a case where x t contains information on the product prices and the availability of complementary goods. At the time of adoption, t, the consumer's utility depends both on the price of product j and the available complementary goods, while the utility after adoption, in periods s > t, is only affected by the complementary goods. This difference in utility between the adoption period and later is captured by the state ι ∈ {0, 1} in the utility function, u j (x, ι). ϕ j (x T ) captures the value that the consumer derives from the complementary goods beyond period T.
It is straightforward to modify Propositions 2-4 to show that the discount function ρ(t) and the utility functions u j (x, ι) are also identified for this more general model.
Discussion
Propositions 2-4 clearly indicate the variation in the data that is needed to identify the discount function ρ(t) and the utilities u j (x). This variation is created by the states x = (x 0 , . . . , x T ) ∈ B and is entirely under the control of the researcher. Our results also indicate the data requirement for the joint identification of the discount and utility functions. We need to present the subjects only with a small subset of all possible sequences of states x ∈ X . To see this, suppose that the state space X is finite and that it contains K elements. Then |X | = K T +1 , and the number of possible sequences of states rises exponentially in T. However, Proposition 2 shows that we only need information on the CCPs at 2 · (T + 1) sequences of states to identify the discount function ρ(t) for t ≤ T. Proposition 4 shows that we can choose some state x ∈ X and identify the utility functions u j (x ) from the CCPs at two state sequences. We then only need information on the CCPs at K − 1 additional state sequences (holding x T constant) to infer u j (x) for all states x. Thus, the discount and utility functions are identified from 2 · (T + 1) + K + 1 CCPs. In particular, if T is small relative to K, the data requirement for identification of the discount and utility functions is of the same order of magnitude as the data requirement for identification of the utilities in a static discrete choice model. This question regarding the data requirement is different from the question of how difficult it is for the subjects to understand and process our survey design compared to a static conjoint design.
The assumption on the latent utility terms is less innocuous. Our model assumes that the subjects observe all current and future jt terms (and 0 ) at the time when the survey is administered, or at least act as if they observed these latent utility terms. Due to this assumption the stated choices can be analyzed as a multinomial choice model with a specific structure on the adoption values due to discounting. An alternative assumption would be that the subjects might face uncertainty over the future latent utility terms and incorporate this uncertainty into their stated choice. Generally, the treatment and interpretation of the econometric error term in a discrete choice model is of great importance, but the assumptions in the extant literature are largely based on internal consistency (Rust 1987 , Rust 1994 ) and convenience, not on prior empirical work establishing how to best account for these error terms.
In this sense, the assumption made in this paper is not more arbitrary than the assumptions in prior work. We view an exploration of alternative assumptions on the error term to be of great importance, but beyond the scope of this paper.
Our approach controls for the role of expectations in dynamic decision-making by providing the subjects with a forecast of the sequence of future states. A much more ambitious task would consist of estimating the process by which the subjects form expectations about the future. This is also a topic of great importance that is beyond the scope of this paper.
Alternative approaches to achieve identification of discount factors
Another approach to the identification problem is based on an exclusion restriction. Suppose that the state space X is discrete, and that there are two states
for some choice k. x a and x b provide variation that does not affect current utilities but affects future payoffs through its impact on the state transitions. Fang and Wang (2012) present a theorem stating that, under these assumptions, the discount parameters in a hyperbolic model with (β, δ)-preferences are identified. 34 A similar claim is often attributed to Magnac and Thesmar (2002) . Their paper, however, provides an exclusion restriction that is based on the "current value function" which is not a model primitive but requires knowledge of the solution of the dynamic discrete choice model and thus limits the applicability of the result.
This identification strategy is promising, but in the case of durable goods adoption decisions it will generally be difficult to find a state variable that satisfies the exclusion restriction. States that we typically observe include prices, the availability of complementary goods, and product qualities. None of these variables are generally excluded from the utility functions.
Another approach, proposed in Yao, Mela, Chiang, and Chen (2012) , is to utilize data where consumers are observed in two different choice situations. In both situations the consumers have the same preferences. However, in one situation choices are made dynamically, while in the other situation current choices do not affect future payoffs such that static decision making is optimal. The paper presents an example where mobile phone customers were initially on a linear usage plan and then later switched to a three-part tariff. Optimal decision making (placing and accepting calls) is static under the linear plan but dynamic under the three-part tariff. Finitehorizon choice problems provide a similar context because decision-making in the terminal period is static. For the case of continuous controls Yao, Mela, Chiang, and Chen (2012) prove that geometric discount factors are identified from data with this specific structure. No proof is provided for discrete choices, although it seems plausible that the identification argument would also hold in this more general context. This is also a promising approach, but unlikely to be applicable to the case of durable goods adoption decisions. In particular, the adoption of a durable good always has dynamic consequences, both because current product adoption affects future utility flows and because there is an option value from delaying adoption unless the market is completely "static," in the sense that prices, the available products and qualities, etc., never change over time.
Survey and data

Survey design
We designed two surveys to elicit adoption decisions for Blu-ray players. At the time the surveys were conducted, Blu-ray was a nascent technology providing high-definition video. Blu-ray had just won a standards war against the competing HD DVD format and received much attention in the press. Thus, the technology was likely of interest to many survey participants, making this a good context in which to to implement and illustrate the sampling mechanism described in the previous section. The two surveys differ in the complexity of the choice tasks faced by the subjects. Below we provide a summary of the surveys. Additional details are contained in Appendix A.
In several introductory screens, we first give the subjects an overview of the Blu-ray technology and compare the benefits of Blu-ray over regular DVD movies. We then present the subjects with the choice tasks. Figure 1 shows a screen in the first survey. The screen provides the subjects with information about the evolution of prices for a medium quality Blu-ray player 15 from March 2009 (referred to as "Now" on the screen) to December 2011. We ask the subjects if and when they would adopt the Blu-ray player. Subjects can choose the "Will not buy" option which indicates that either they will never buy the Blu-ray player or that they might buy the Blu-ray player after December 2011. On each screen, we remind the subjects of the number of Blu-ray movie titles available in each period. In the first survey, the number of titles remains the same across choice tasks.
In the second survey, the subjects choose among two Blu-ray player brands (Sony and Samsung). The left-hand side of the screen (Figure 3 ) provides the subjects with information about the evolution of prices for the two brands from "Now" (December 2008) to December 2012. The right-hand side of the screen provides corresponding information on the number of available Blu-ray movie titles. We ask the subjects if and when they would adopt one of the available players.
The subjects in these conjoint experiments face a complex task and need to process a large amount of information. For this reason, we do not vary all product attributes (current and future prices and movie titles) simultaneously across choice tasks. Instead, we vary one factor at a time. The survey consists of two or more blocks. Blocks are randomly assigned to the subjects. The first screen in each block presents a particular base scenario (Figure 1 ), defined by a sequence of prices and the number of movie titles. In the subsequent screens, we randomly vary current or future product prices in one time period only. For example, Figure 2 shows a screen where the price of a medium quality Blu-ray player in December 2009 is lower than in the base scenario in Figure 1 , while all other prices remain constant. In the second survey, we also vary the number of movie titles (in at most two time periods) across screens. Across different blocks, we vary the sequence of prices in all time periods, and, in survey two, we also vary the sequence of movie titles.
The particular design features of our survey can also capture how the subjects change their adoption timing decisions in response to future price or title changes within a given choice scenario. This allows us to conduct simple, model-free tests of forward-looking behavior, which we discuss in Section 5.
Data description
The data were collected using the online panel of Market Tools, Inc, a national market research company. The panel is meant to represent the US population and is used by many large companies such as Canon. Tables 1 and 2 summarize the survey. We conducted survey 1 in February 2009, capturing the responses of 1000 subjects. 5 A fraction was randomly sampled from the Market Tools panel, while the remaining fraction was obtained using oversampling based on expressed interest in high definition (HD) products. We oversampled on HD interest to ensure that our sample would contain sufficiently many potential costumers for the Blu-Ray technology. Each respondent was exposed to two blocks and answered four questions in each block, resulting in 8,000 choices. We conducted survey 2 in November 2008. 505 respondents completed the survey. Again, we selected a fraction of the respondents using random sampling and the remaining fraction based on expressed interest in HD products. Each respondent was exposed to either two or three blocks and answered six questions in each block, resulting in a data set of 6,576 choices. We ensured that there was no overlap in the subjects sampled across the two experiments. Table 3 shows the distribution of the demographics and other attributes across the subjects in both studies. Due to the oversampling scheme employed, 77% of respondents in the first survey and 82% of respondents in the second survey expressed interest in high definition products. Tables 1 and 2 also report the distribution of the modal choices across subjects. The data reveal a generally high purchase intent for a Blu-ray player-only 18% of subjects in survey 1
and 17% of subjects in survey 2 most frequently choose "Will not buy." We observe subjects with modes in all survey periods, but overall the modal choices are concentrated in the last two periods in survey 1 and the middle two periods in survey 2.
Within-subject variation in choices is important to document dynamic adoption timing patterns in the data (see Section 5) and to estimate consumer heterogeneity. Tables 1 and 2 show the distributions of the number of distinct choices made by the subjects. For example, if a subject chooses Sony in December 2009 once, Sony in December 2010 three times, and "Will not buy" in all other choice tasks, the number of distinct choices made by that subject is three.
The highest possible number of distinct choices in the first experiment is 5 (4 periods and the "Will not buy" option) and in the second experiment is 13 (a combination of 2 brands, 6 periods and the "Will not buy" option). We find that about one third of the subjects never vary their choice across tasks within a block. In survey 1, 48% of the subjects make two distinct choices and 14% make three distinct choices. In survey 2, we observe 51% of the subjects making two or three distinct choices and 12% making four or five distinct choices. While 73% of the subjects always choose the same brand (or the "Will not buy" option), 63% make choices in at least two different time periods.
Internal consistency of stated choices
In this section, we provide direct evidence for forward-looking consumer behavior and dynamic adoption timing without resorting to a model that places more structure on consumer behavior.
Our survey design allows us to capture within-subject changes in the adoption time that directly reveals whether subjects respond to price changes over time in a rational manner. Suppose a subject is exposed to the price sequence P 0 , . . . , P T in the base screen and chooses to adopt the product in period t. In each subsequent task, exactly one of the T + 1 prices increases or decreases. If the subject is exposed to a price decrease or increase in period t, then we classify the observation as exhibiting a current price increase or decrease. If the subject is exposed to a price increase or decrease in any period s < t, then we classify the observation as exhibiting a past price increase or decrease. We define future price increases or decreases in the same manner. Suppose the subject's indirect utility function is additively separable across time periods, a standard assumption that we maintained throughout Sections 2 and 3, and that the per-period utility function is decreasing in the product price. Rationality then implies that the subject should not change her adoption choice if the current price decreases.
On the other hand, a current price increase is consistent with any choice, including a change of the adoption time to another period or a switch to the "will not buy" option. If a past price decreases, rationality implies that the subject either should not change her choice or should adopt the product earlier, in period s < t. Conversely, if a future price decreases, the subject either should not change her choice or should delay the adoption of the product to period s > t.
However, for both past and future price increases, the subject should not change her choice.
These predictions only hold if the subject's preferences do not vary across choice tasks, i.e.
if the random utility terms jt remain constant. Suppose these terms vary across tasks, for example because the subject makes mistakes. If the mistakes are random, then the changes in adoption times across periods should still be systematically related to the predictions of rational behavior as discussed above.
We first focus on survey 1, where the subjects can only substitute across time, but not across products (although they can choose the outside option of not buying). Table 4 shows how the subjects respond to current, past, and future price increases. Overall, 90% of all observations are correctly classified, i.e. can be explained by rationality without having to resort to changes in the error terms, jt , across tasks. For a past price decrease, 30% of the subjects buy the product earlier than indicated in the base screen, while 7% buy the product later and 2% switch to "no buy." Conversely, for a past price increase, 5% buy earlier, 5% buy later, and 3% switch to "no buy." If there is a future price decrease, 42% of subjects delay their original purchase, while 5% buy earlier and 1% switch to "no buy." If there is a future price increase, on the other hand, 16% buy later, while 4% buy earlier and 2% switch to "no buy." Overall, with the exception of future price increases, we see that the subjects mostly change their adoption times in a manner that is consistent with the predictions of rational choice.
In survey 2, where the subjects can substitute across brands and across time, we also find the basic pattern of earlier adoption for past price decreases and later adoption for future price decreases. However, compared to survey 1, a smaller fraction (84% of all observations) is correctly classified. A possible reason for this difference is the higher complexity that the subjects face when processing survey 2, which might lead to a higher incidence of mistaken choices. In spite of this difference, subjects still mostly make choices that are consistent with rationality.
6 Estimation and results
Adoption model
The empirical model that we fit to the survey data is a special case of the general dynamic discrete choice model outlined in Section 2. The state vector, x t = (P t , N t ), includes the prices of all products considered, P t , and the number of available movie titles, N t . We present the subjects with predictions of future prices and the number of available movie titles for the periods t = 0, 1, . . . , T . The subjects either state that they will adopt product j in period t ≤ T, a choice denoted by y = (j, t), or that they will not buy any product by period T , a choice denoted by y = 0. The choice set is A = {(1, 0), (2, 0), . . . , (J − 1, T ), (J, T ), 0}.
We specify the utility function as follows:
γ j is the intercept for product j, which includes the consumer's valuation of all tangible and intangible product attributes. α is the marginal utility of income, and η t is the utility derived from watching some (or all) of the available movies from period t onwards:
The choice-specific value in the survey period, t = 0, from adopting product j in period t is then given by ω jt (x t ) = ρ(t)(γ j + αP jt + η t ).
The total utility from choice (j, t) is ω jt (x t ) + jt , and the total utility from the choice of the reference alternative 0 is defined analogously. By assumption, the consumers anticipate all random utility components, jt , for the survey periods t ≤ T, and also the random utility component for the outside option, 0 .
Define θ ≡ (γ 1 , . . . , γ J , α, λ, ρ(1), . . . , ρ(T )), a vector indicating the subject's preferences.
The choice-specific values are a function of θ. The consumer adopts product j in period t if and only if ω jt (x t ; θ) + jt ≥ ω ks (x s ; θ) + ks for all (k, s) = (j, t) and ω jt (x t ; θ)
Assuming that the random utility terms are i.i.d. Type I Extreme Value distributed, consumer choices are given by a multinomial logit model with T · J + 1 options, where the adoption probability of product j in period t is given by
We allow for preference heterogeneity across subjects. The preferences of subject h are described by a subject-specific parameter vector, θ h . The corresponding choice probabilities describing the behavior of subject h are given by Pr{y|x, θ h }. We assume that the subject-level parameters are drawn from a normal population distribution: θ h ∼ N (θ, V θ ). The priors on the hyper-parameters,θ and V θ , are specified as follows:
The parameter choices a = 1/16 and ν = dim(θ)+3 ensure proper but very diffuse prior settings.
We estimate the model using a hybrid MCMC approach with a customized Metropolis step as discussed in Rossi, Allenby, and McCulloch (2005) (Chapter 5) and applied in Dubé, Hitsch, and Rossi (2010) .
Comparison models
We estimate the model specification above assuming geometric discounting, ρ(t) = δ t . This model is the dynamic analog of the multinomial logit (MNL) model, and we refer to it as the Dynamic MNL model. To assess the role of discounting, we also estimate several alternative specifications that modify some of the assumptions of the baseline Dynamic MNL model. The Dynamic MNL model nests the case of consumer myopia as a special case: δ h ≡ 0.
For the purposes of comparison, we separately estimate a model in which the subjects are fully myopic and refer to it as the Current Adoption MNL model. In this model, the choice-specific value from product adoption in the current period, t = 0, is given by
and ω jt (x t ) = 0 for all t > 0.
The second comparison model, the MNL model, is a standard multinomial logit model in which the inter-temporal choice aspect of durable goods product adoption is absent. Thus,
for all periods t = 0, . . . , T. This model is equivalent to the case where the consumer has a discount factor of δ = 1 for all future adoption values and a separate discount factor of δ = 0 on the expected future utility from watching movies. This specification captures the typical approach to conjoint modeling of durable goods adoption decisions used by marketing research practitioners.
We also estimate a third specification for comparison, the Dynamic MNL with Hyperbolic
Discounting model, to test whether consumers exhibit a preference for immediate rewards (see Frederick, Loewenstein, and O'Donoghue 2002 for examples) . Following a specification that is widely used in the literature, we parametrize the discount function using the specification 20 of Phelps and Pollak (1968) : ρ(0) = 1 and ρ(t) = βδ t for t > 0. The parameter β reflects a "present-bias" or inherent preference for immediacy if β < 1, which is a priori plausible for products such as consumer electronics. δ is the standard long-run discount factor. This specification nests the baseline Dynamic MNL model with geometric discounting when β = 1.
We initially estimate all four model specifications using the assumption that the value from not adopting by period T is 0, ω 0 (x T ) ≡ 0. Later, we conduct a sensitivity analysis to check the robustness of our results to this assumption. We also restrict the parameters δ and β to lie between 0 and 1. We impose this restriction by expressing the parameters using a logistic transformation based on an unrestricted parameter. For example, we estimateδ and express the corresponding geometric discount factor as δ = exp(δ)/(1 + exp(δ)).
Estimation strategy
The results in Section 3 show that the discount and utility functions are non-parametrically identified from the data generated by our sampling mechanism for the case of homogeneous utility parameters.
The extension of these identification results to the case of heterogeneous utility parameters Survey 1 In survey 1, we focus on a simple choice context where subjects choose if and when to adopt a single Blu-ray player of medium or average quality. Our goal is to test whether subjects are forward-looking and the extent to which they discount future consumption. To keep the survey simple, we do not vary the number of Blu-ray movies across tasks (although the number of movies as reported to the subjects varies across periods). Hence, we do not attempt to estimate the value of watching movies. Instead, we estimate a period-specific intercept to control for the effect of movie titles on choices. Below, in survey 2, we will explicitly consider the effect of movie availability on adoption choices. Results for the four model specifications are reported in Table 5 . Note that we estimate the sign of the price coefficient, α, freely.
Comparing the log marginal densities of the four models we see that controlling for betweensubject heterogeneity strongly increases the model fit. Hence, below we will only focus on the estimates for heterogeneous preferences.
The Dynamic MNL specification fits better than the two comparison models, Current Adop- The Dynamic MNL model has a slightly better fit (based on a comparison of the log marginal densities) than the Dynamic MNL model with Hyperbolic Discounting, in spite of the fact that the latter includes one additional free parameter. The distribution ofβ, the parameter determining the "present-bias" β = exp(β)/(1 + exp(β)), is centered close to 1 as can be seen in Figure 6 . Therefore, the two models generate substantively similar behavioral predictions.
Our results provide strong evidence that the consideration of inter-temporal trade-offs in adoption timing plays an important role in consumer decision-making. In Figure 4 we report the distribution of the posterior means of the subjects' discount factors. Researchers estimating dynamic discrete choice problems routinely assume that consumers discount the future with a common discount factor corresponding to some aggregate interest rate or asset return. For annual decision-making, this assumption would imply a discount factor of approximately 0.95 if the interest rate is 5 percent. However, the estimates in Figure 4 show that the behavior of the subjects in our survey is characterized by discount factors that are much smaller than typically assumed. The average subject has a discount factor of roughly 0.7, corresponding to an annual interest rate of 43%. Moreover, there is a large degree of heterogeneity in discounting across subjects.
Survey 2 The data from survey 2 allow us to check if the findings regarding discounting and forward-looking adoption behavior are robust to a more complex and possibly more realistic environment. In survey 2 we add a choice between Blu-ray players of two leading brands, Sony
and Samsung, and we also vary the number of available movie titles across choice tasks. Results for the four model specifications are reported in Table 6 . Our basic findings are consistent with those from survey 1. In particular, allowing for preference heterogeneity strongly improves the model fit, and the Dynamic MNL model fits much better than the two comparison models that do not allow for dynamic adoption timing.
We see the importance of allowing for an unrestricted discount factor even more strongly in survey 2. For the Current Adoption MNL and the MNL models the posterior distribution of the coefficient on titles, λ, is centered well below zero, implying that the majority of the subjects prefer fewer available movie titles. However, we obtain a positive sign on the titles coefficient once we free up the discount factor parameter in the Dynamic MNL model. Also, as in survey 1, we find that the Dynamic MNL model predicts more preference heterogeneity and that the posterior distribution of the price coefficient is centered around a larger (more negative) value than for the two models that do not allow for dynamic decision making.
Unlike in survey 1, the Dynamic MNL model with Hyperbolic Discounting has a slightly better fit than the Dynamic MNL model. Thus, the comparison of log marginal likelihoods implies that we reject the parameter restriction β h ≡ 1. However, the differences in the estimates for the two models are very small. In Figure 7 , the distribution of the posterior means of the present-bias parameters β has most of its mass close to 1.
In Figure 5 , we report the distribution of the posterior means of the subjects' discount factors. Exactly as in survey 1, the average subject has a discount factor of approximately 0.7, corresponding to an interest rate of 43%, and we observe considerable heterogeneity in discounting across the subjects.
Model fit for assumed discount factors
We already highlighted that researchers estimating dynamic discrete choice problems using field data typically assume a homogenous value for the discount factor based on some aggregate interest rate or asset return. We now show how the preference estimates change if a specific, homogenous discount factor is assumed. We re-estimate the Dynamic MNL model for the discount factors δ = 0, 0.2, 0.4, 0.6, 0.8, 0.9 and report the corresponding posterior model fit of the baseline Dynamic MNL specification in Table 7 . The discount factors of δ = 0.6 and δ = 0.8 provide a much better model fit than δ = 0.9, even though the latter more closely corresponds to a realistic long-run annual interest rate of about 11 percent. A discount factor of δ = 0.6 corresponds to an annual interest rate of about 66 percent, indicating a considerable degree of impatience. Generally the Dynamic MNL model fits considerably better than any of the assumed, homogenous discount factor models. Although not reported, we also find that restricting the discount factor to a fixed value results in an upward bias in the degree of heterogeneity in the model parameters.
Some tentative managerial implications
In Table 8 , we report the estimated correlation matrix for the population distribution of the taste parameters. We observe a strong negative correlation betweenδ (recall that δ = exp(δ)/(1 + exp(δ))) and the price coefficient. Thus, higher patience (i.e. a larger discount parameter) is associated with higher price sensitivity (i.e. a larger price coefficient in absolute value). To a lesser extent, we also observe a negative correlation between the discount parameter and the titles coefficient, implying that subjects with a relatively low utility from titles exhibit more patience. Both these correlations have interesting managerial implications. Suppose a monopolist was selling a Blu-Ray player to this population of consumers. Coase argued that skimming (inter-temporal price discrimination) would unravel if high willingness-to-pay consumers could anticipate future price discounts and wait until the price discounts became available. In the limit case where consumers were perfectly patient (δ = 1), even a monopolist selling a durable good would lose all market power. As demonstrated by Nair (2007) , if consumers are impatient (δ < 1) price skimming is possible. But prices and profits decrease for larger values of δ. Our findings indicate that high willingness-to-pay consumers (i.e. those with a low sensitivity to prices and a high valuation for the number of available titles) are also the most impatient, which works even more strongly against the Coasean view. We could not have obtained this insight from an analysis based on field data, as field data do not allow us to distinguish between early adoption due to a high intrinsic utility from the product versus impatience.
Sensitivity analysis
Movie consumption after period T We use the study 2 data to explore the sensitivity of the key results to the assumptions about consumer beliefs after the final period T in the survey.
The Dynamic MNL model assumes that N t = N T for all t > T. Suppose we assume instead that subjects only consider movie consumption utility up until T :
The posterior fit of this specification is better than that of our Dynamic MNL. However, the two specifications produce very similar parameter estimates. For instance, in Figure 8 we show that the distribution of the discount factor is statistically indistinguishable from the Dynamic MNL case. Therefore our findings do not appear to be sensitive to the assumption of consumers obtaining utility from the availability of movies beyond the last survey period, T .
Delaying adoption after period T In the model specifications above we assume that the value from choosing the reference alternative 0 is ω 0 (x T ) ≡ 0 regardless of the value of the state in the final survey period. This assumption would be justified if the subjects thought of the reference alternative as the choice of never adopting the Blu-ray technology. We relax this assumption to allow for the possibility that subjects treat the no-purchase alternative as an option to delay adoption to some period later than T. For example, a consumer might want to delay the adoption of a Blu-ray player if she expects that prices decline after period T. To capture this option value we assume that the subjects anticipate that they will make sequential adoption decisions beyond period T according to the dynamic discrete choice model outlined in Section 2. We restrict the analysis to the case of geometric discounting. The choice-specific values from adopting product j or delaying the adoption, v k (x t ), are then given by equation
(1). Thus, at time t = 0 the option value from delaying the adoption decision beyond period T is given by
p(x t+1 |x t ) denotes the subjects' expectations about the evolution of the states beyond period T.
We estimate three specifications of the model with delayed adoption. In the first specification, we assume that the subjects believe that prices remain fixed after period T, such that P t = P T for all t > T. In this specification, the benefit from delaying adoption is due to the option to re-draw the latent utility components, kt , in each future period. In two additional specifications, we assume that the subjects anticipate that prices decline until they reach a long-run, constant price level ten periods after T. These two specifications differ in the rate at which prices decline. We hold the number of available movie titles fixed at N t = N T for all t > T.
In Table 9 , we compare the log marginal likelihood of the baseline Dynamic MNL speci-fication and the three models allowing for delayed adoption. The baseline specification has a higher posterior fit, and the estimates for the comparison models are qualitatively similar to the results for the baseline model. For example, in Figure 9 we display the distribution of the discount factor, δ, for the baseline and comparison specifications. The marginal densities for the comparison model discount factors are largely within the 90 percent pointwise posterior credibility region that envelopes the marginal density of the discount factor corresponding to the baseline model. Only the marginal density corresponding to the model with fast price decline puts more mass on smaller discount factors. In summary, the main results do not appear to be sensitive to the assumption on the value from choosing the reference alternative.
Conclusions
The main focus of this paper is methodological. We describe a sampling mechanism that can be implemented as a conjoint design to capture stated choices across options within a period and across time. Based on data obtained from this sampling mechanism, the subjects' discount and utility functions are separately identified. Thus, this sampling mechanism overcomes a fundamental identification problem for dynamic discrete choice models when estimated from field data.
Our method is intended to be a practical approach for durable goods demand estimation when consumers are forward-looking and consider the tradeoff between buying now or buying at some future date. It should be of interest both to marketing researchers studying durable goods adoption and marketing practitioners who use conjoint studies to plan the launch and other marketing activities for a new durable good.
We illustrate our approach using two conjoint studies eliciting dynamic adoption choices of Blu-ray players. Both the raw data patterns and the model estimates reveal that the subjects in our survey make forward-looking adoption choices. However, the implied discount rates corresponding to the estimated discount factors are around 43 percent and, thus, are much larger than typically observed asset returns. Therefore, calibrating discount factors based on aggregate interest rates or asset returns, a common and, due to the identification problem, necessary practice in empirical work estimating dynamic discrete choice models from field data, may result in biased and misleading preference estimates. The stated choice data also reveal a large degree of heterogeneity in the discount rates, again casting doubt on the assumption of a common, homogenous discount factor that is typically used in empirical work based on field data. We find little evidence for hyperbolic discounting.
The results from the two studies are insufficient to make general statements about discounting in other dynamic discrete choice contexts, including but not limited to durable goods adoption decisions. At a minimum, however, our findings suggest that discount factors should ideally be estimated, not assumed, and that empirical work using dynamic discrete choice 26 models would benefit from combining field and survey data.
Although this paper makes some progress on a fundamental question in marketing and economics, many issues are left unresolved. First, using our survey design, we can estimate current-period preferences and discount functions by "endowing" the subjects with deterministic beliefs. That the subjects indeed take these beliefs as deterministically given is an assumption that we have not tested. In practice, consumers have to form non-deterministic beliefs based on available information. How consumers form such beliefs is a question of great importance that is largely unresolved. Second, the analysis of our stated choice data is based on very specific assumptions on the latent utility shocks that serve as the econometric error term. The same is of course true for all discrete choice models. How the utility shocks in our survey relate to the utility shocks that might influence subjects when making "real world" decisions is also unresolved. Third, our survey is fairly complex to process, and this poses the question of how the survey design influences the quality of the stated choice data. For example, we saw that the incidence of stated choices that are difficult to rationalize was lower in the simpler survey 1 than in the more complex survey 2. All three issues are important topics for future research.
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A Survey description
In several introductory screens, we provide subjects information about the Blu-ray player and the design of the study. The objective of these screens is to educate the subjects about Blu-ray players and familiarize them with the survey design and the choice tasks they will encounter.
First, we show subjects differences in picture quality when using a Blu-ray player versus a traditional DVD. We then provide an in-depth description of the Blu-ray technology. Specifically, we provide the subjects information on how the Blu-ray discs and players work, the leading manufacturers of Blu-ray technology, and similarities between a Blu-ray disc and a traditional DVD. Subjects are then shown the Blu-ray player they will have the option of choosing across different choice tasks. In the first survey, the subjects are told that they have the option of choosing a mid-high quality Blu-ray player, while in the second survey, they have a choice between a medium quality player (Samsung) and a state of the art top quality Blu-ray player (Sony).
In the subsequent screens, we provide subjects details on how to respond to the choice tasks and navigate the survey. We ask the subjects about their current Blu-ray player ownership status and test their understanding of the price (and number of titles) path over time using graphs from a typical choice task. Based on their responses, subjects are provided feedback about the graphs and the choice tasks to make sure they understand the trade-offs involved across different choices. Figures 1 and 3 show typical choice tasks in the first and second survey, respectively. In each choice task, subjects are provided with the prices (and number of titles)
of the Blu-ray player(s) over four (six) periods. Subjects are told that the prices and number of titles shown are expert predictions and they should expect to see these prices in the future.
Additionally, they are asked to ignore changes in prices due to inflation. Further details about the variation in prices and number of titles available across different choice tasks is present in Section 4. Note. The table summarizes the parameter estimates from different models estimated using the survey 1 data. We report estimates from both, the homogeneous and the heterogeneous models. For the homogeneous model, we report estimates corresponding to the 95% confidence region along with the median estimate. For the heterogeneous model, we report the same statistics for both, the mean and the standard deviation of the distribution of population heterogeneity. Note. The table summarizes the parameter estimates from different models estimated using the survey 2 data. We report estimates from both, the homogeneous and the heterogeneous models. For the homogeneous model, we report estimates corresponding to the 95% confidence region along with the median estimate. For the heterogeneous model, we report the same statistics for both, the mean and the standard deviation of the distribution of population heterogeneity. 
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